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Abstract 
The correct management of the market risk has become a central point of interest for the banking institutions, taking into 
consideration the magnitude of the effects generated by the recent financial crisis. Due to a set of unexpected shocks on the 
market (increasing exchange rates, increasing interest rates, reducing financial securities listing) associated with high 
market volatility, managers need information in advance in order to assess the impact of these shocks upon banking 
performance. A statistical method used for quantifying market risk is VaR. The Basel Committee recommends VaR and 
Stress Tests, as main instruments used to provide the necessary capital for covering these types of risks. The main purpose 
of this article is to analyze and evaluate the impact of the possible losses of the trading portfolio of a bank by using a wide 
spectrum of econometric instruments as the GARCH models and EVT. 
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1. Introduction 
The instability associated with the market dynamics draw the attention of banks upon the market risk 
management. In this respect, banks improve and developed new methods in order to counteract these effects 
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and also in order to better estimate interest rate risk, exchange rate risk and other types of risk. The effects 
generated by the recent financial crisis were a warning signal for the authorities to increase their capitals as a 
strong need for a correct covering of these risks. As results, the Basel III Committee requires additional criteria 
of capital for the trading book.  
The most common used statistical method for quantifying market risk associated with the banks portfolios is 
VaR. VaR represents a probabilistic indicator that express the potential maximum loss of the market value of 
the portfolio, that may appear in a certain period of time, taking into consideration an established confidence 
level. VaR may be determined using three different methods: historical simulation method, parametric method 
and Monte Carlo method. The historical simulation method quantifies the hypothetical value of the change of 
the current portfolio according to the historical fluctuations of the risk factors, using the empirical distribution 
of the past data and without any assumption related to the returns distributions. The parametric method implies 
that the daily returns follow a normal distribution. The main disadvantage of this method is the fact that it 
cannot estimate the important loses, because many times, the distributions have fat tails, characterized by a 
large number of unexpected events and which not follow a normal distribution (Codirlasu, 2007). 
The Monte Carlo method implies generating the scenarios for the future prices based upon the volatility and 
the correlations of the assets from the portfolio. After that, for each individual scenario it will be calculated the 
portfolio value and it will be reported the final results of the simulation, whether as a portfolio distribution or as 
a particular risk measure (Bohdalova, 2007). 
The Basel Committee recommends the VaR estimation using a confidence level of 99% and the use of an 
instantaneous shock of the price equivalent to a 10 days fluctuation of the prices.  
The literature review considering the subject of banking risk management is extremely vast and complex. 
Koksal and Orhan (2012) conducted a study regarding the analysis of market risk during the recent financial 
crisis for a series of emerging and developed economies using the VaR method. In order to examine the VaR 
performance, as a market risk measure, it were used the Kupiec tests, Christoffersen and the Quadratic Loss 
function. The results concluded the fact that the VaR performance is less pronounced for the developed 
countries compared to the emerging ones. The authors recommend the use of alternatives methods for 
quantifying risk along with VaR as well as for the periodical assessment of the obtained performance as a 
measure for the correct risk management.  
Simone Varotto (2011) conducted a study regarding the impact of the new capital criteria imposed by the 
Basel III Committee upon the trading portfolios. For a correct estimation of the capital requirements for the 
trading portfolio the author used the pre-crisis VaR as well as the stressed VaR for twelve portfolios formed by 
corporative bonds from USA. There were used daily returns for May 2004 - August 2009 time period. The 
estimated VaR values under stress conditions for the corporative bonds portfolios during the crisis period 
revealed the fact that loses associated with the market risk, taking into consideration the portfolios 
characteristics may be ten times higher than the incremental risk charge. 
Acharya and Richardson (2009) propose the use of VaR and the expected short-fall in order to divide the 
aggregate lose in components. In this way it will be estimated the marginal ES of every bank for a certain 
aggregate shock as well as the contribution of it to the aggregate risk. 
Alexander and Sheedy (2008) developed a new methodology for conducting stress test of the market risk 
that includes both the volatility as well as the fat tails. The main advantage of the stress test refers to the 
opportunity to link these tests to a target probability and the increased statistic relevance.  
Genkay and Selcuk (2004) studied the performance of the VaR models for nine emerging markets 
(Argentina, Brazil, Hong Kong, Indonesia, Korea, Mexico, Singapore, Taiwan and Turkey). Using the EVT 
theory within the VaR models, there were estimated the extreme values of the daily returns of the titles for these 
emerging markets. The results revealed the fact that the Generalized Pareto Distribution matches the fat tails 
distribution for these markets. The obtained results were a strong argument in favor of the fact that the daily 
returns have different characteristics for the right and the left tails distributions. Based upon the tails and the 
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right tails distribution for a 0,999 level of the percentile and a confidence level of 95% it was demonstrated the 
fact that it is possible to observe more than 10% from loses for a time horizon of one day for all the analyzed 
countries. Hauksson et al. (2000) included in their study the multivariate extreme values. The results proved the 
fact that the uses of the data with high frequencies may improve the quality of the estimations regarding 
extreme fluctuations of the financial markets. There were taken into consideration four exchange rates namely 
USD/DEM, USD/CHF, USD/JPY and GBP/USD for 12 years. Another study in this area was developed by 
Mapa and Suaiso (2009) for measuring market risk in Philippine using the interest rate for 1998-2008 periods. 
Two VaR models were estimated that took into consideration the extreme values theory:  a static EVT model 
that is proper for the reference bond rates and a dynamic model which may be used for the AR-GARCH 
residuals model, whose performance were compared to the traditional VaR models, as the RiskMetrics and the 
AR-GARCH. The main conclusion of the study was that the dynamic model EVT may be efficiently used for 
quantifying market risk, because it has a higher performance that the static EVT and has the potential of 
reducing the capital requirements for a bank. 
The main purpose of this study is to estimate the loss of the trading portfolio of a bank, in order to extend the 
general framework used in taking decision in respect with capital and risk. The structure of the article embodies 
the following items: Section 2 describes the used methodology, Section 3 delivers the statistic information of 
the used data, Section 4 presents the obtain results and in the final part we present the main conclusions of the 
study. 
2. Methodology 
We may determine VaR by taking into consideration the random loses, noted with L and a confidence level 
D , where )(LVaRD is defined as the L quantile at D probability. The quantile may not be unique, but there 
are segments where the distribution function of the LF  loses does not gets higher.  For these particular cases, 
McNeil et al. (2005) defines VaR as being the smallest quantile:  
 ^ `DD t IFILVaR L:inf)(         (1) 
The VaR method presents also a series of disadvantages. Artzner et al. (1999) proved the fact that VaR 
measures only quantile loses and in this way it does not take into consideration any other loss situated above 
the VaR level. In this way, a risk manager that uses only VaR as a measure foe evaluating the risk may be 
tempted to neglect loses that are situated within the confidence level while these loses increase above the VaR 
level. 
VaR is a debated subject due to the fact that is not a coherent measure of the risk. Artzner et al. (1999)  
consider that a measure for the R risk is coherent if it satisfies a number of criteria: : (i) diversity  
   2121 )( LRLRLLR d , (ii) positive homogeneity   )(LRLR OO   for each 0!O , (iii) 
monotonicity  21)( LRLR  , if 21 LL  , (iv) transit property  aLRaLR  )()( . 
VaR is not a coherent measure because does not comply with the sub-additivity property. McNeil et al. 
(2005) considered sub-additivity as reflecting the risk that may be reduced by diversification. The use of non 
sub-additivity measures of risk within an optimal Markowitz portfolio may drive to optimal portfolios that are 
very concentrated, fact that will be considered extremely risking under normal economic conditions.  If an 
authority uses a non sub-additivity measure of risk for establishing the necessary capital of a financial 
institution, this will be stimulated to divide in a number of subsidiaries for reducing the capital requirements.  
Also, the sub-additivity property is responsible for the decentralization of the management risk systems.  
There are taken into consideration two trading positions, that determine the 1L and 2L  loses. It will be 
considered that a manager wants to assure that the risk of its loss  LR , 21 LLL   is not above a certain 
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number M. It this manager uses sub-additivity measure of risk R, he may chose some limits 21,MM  so 
MMM d 21  and to impose to each position the condition that ii MLR d)( . In this way the sub-additivity 
property automatically determine that   MMMLR dd 21 (BCBS, 2011). We may also calculate a stressed VaR. 
The Basel Committee recommends quantifying this type of VaR, in the situation when all the entry data from 
the model are calibrated to the historical data for a period of 12 months under stress conditions that would be 
relevant for the bank portfolio.  
From a theoretical perspective, the stressed VaR is an imperfect solution for quantifying risk because its 
purpose is of reflecting that the actual market conditions cannot lead to a more precise evaluation of the risk in 
a more stressed environment. More complex methods for evaluating this risk include along with the linear 
transformations of risk factors also the fat tailed distributions for modeling more properly the extreme loses 
phenomena. There are series of distributions of the extreme values: Gumbel, Generalised Pareto, Weibull, 
Frechet. The EVT distributions may already include the extreme conditions on the market that would determine 
a stressed VaR to be useless. (BCBS, 2011).  
Another risk measure used by the risk manager more and more frequently is the expected shortfall. This 
method is more known as the conditional VaR or tail conditional expectation. ES corrects a set of impairments 
of VaR. ES takes into consideration the skewness of loses above the confidence level. Through ES one may 
determine the loss of the portfolio if the confidence level is exceeded. Also, it takes into consideration de sub-
additivity property. Furthermore, the use of this method diminishes the impact that the selection of one 
confidence level has upon manager decisions.  
In order to define ES we consider L to be a random loss, with the distribution function  LF and   1,0D , 
and a confidence level close to 1. VaRD is defined as the D  quintile of LF . ES atD level can be 
expressed as: 
 duLVaRES u³{
1
1
1
DD D
        (2) 
and may be interpreted as an average of all VaR values from the D level until 1. ES is a sub-additivity 
method of risk, is continuous in D and the cliff effects are avoided. 
If the distribution of loses is continuous, ES may be determined using the following formula: 
 DD VaRLLEES t / , where ES is the conditional expected loss (BCBS, 2011). 
For quantifying banks losses, in the case of unexpected events on the market, managers use stress tests. 
Stress tests are considered to be management tools use to evaluate the potential impact upon the portfolio 
values in the case of unexpected events within a set of financial variables. (Lopez, 2005). Stress tests are 
developed in order to explore the distribution tails above the confidence level of 99% used by VaR 
methodology. Stress tests are built based upon some historical scenarios and hypothetical events or a 
combination of those two. These methods were often criticized by Berkowitz (2000), due to the fact that they 
do not attribute probabilities to the scenarios. Once a probability is associated to a scenario a proper measure 
for quantifying risk may be obtained. 
In this study, in order to measure VaR we have used GARCH, EGARCH, TARCH, GARCH with structural 
breaks (the structural breaks were estimated by using ICSS test) models and Extreme Value Theory (EVT) with 
both methods Block Maxima and Peaks Over Threshold. 
3. Data used 
For analyzing the currency risk we considered a portfolio compound by the following currencies:  EUR, 
USD, GBP, CHF, AUD, CAD, CZK, HUF, PLN. There are taken into consideration the daily returns, obtained 
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using the following formula: 
)ln(
1
 
t
t
i P
PR           (3) 
where iR  is the exchange rate return i , 1, tt PP  is the exchange course i  at t  moment and 1t ,  of an 
exchange portfolio between 01.10.2012-01.10.2013. The exposure value and their share in the portfolio are 
listed in the table below:  
Table 1. Exposure value and share in the portfolio 
Currency Exposure value Share Exchange rate 
at  01.10.2013 
Position (eq. 
RON) 
EUR 1.090.000 0.427521 4.4560 4857040 
USD 340.300 0.154636 3.2894 1777263 
GBP 270.500 0.127213 5.3429 1445254 
CHF 260.119 0.083289 3.6377 946234.9 
AUD 186.324 0.050854 3.1008 577753.5 
CAD 192.732 0.054115 3.1899 614795.8 
HUF 4.282.201 0.005661 0.015019 64314.38 
PLN 975.000 0.090489 1.0544 1028040 
CZK 289.514 0.004421 0.1735 50230.68 
Total Exposure    11360926 
Furthermore, in order to quantify market risk we will present the statistical characteristics of the exchange 
portfolio. Table 2 presents the descriptive statistics of the exchange rates and of the currency portfolio. 
In the case of exchange rate returns, one may notice the fact that GBP, AUD and CAD follow the normal 
law of distribution according to Jarque Bera test. In the case of EUR, USD, CHF, HUF, PLN and CZK the 
skewness coefficient registers a value higher than 3, which determine that the returns distribution to be sharper 
than the normal distribution, the returns following a leptokurtic distribution. In the case of the portfolio, the 
results are in favour of a leptokurtic distribution and an asymmetric towards right one. In the figure below are 
presented the portfolio quantiles and the quantiles of the normal distribution. One may observe that the 
currency portfolio quantiles deviate from the theoretical ones, highlighting the fact that the  null hypothesis  is 
rejected. 
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Table 2. Statistical characteristics of the currency portofolio 
 Mean Minimum Maximum Skewness Kurtosis Jarque Bera 
EUR -0.000054 -0.0159 0.0170 0.1595 8.5220 321.24 (0.0000) 
USD -0.000246 -0.02007 0.0227 0.1427 4.1721 15.28 (0.0000) 
GBP -0.00022 -0.0184 0.0169 0.0933 3.6168 4.3609*(0.1129) 
CHF -0.000106 -0.0162 0.0221 0.4443 6.6957 151.7082(0.0000) 
AUD -0.000627 -0.0211 0.0155 -0.1747 3.2088 1.7411*(0.4187) 
CAD -0.000440 -0.0138 0.0139 0.1939 2.8136 1.9438*(0.3783) 
HUF -0.000211 -0.0182 0.0192 -0.1944 3.8728 9.5875(0.0082) 
PLN -0.00017 -0.0208 0.0128 -0.3706 5.5000 71.395 (0.0000) 
CZK -0.000146 -0.01708 0.0243 1.1179 10.3865 625.374 (0.0000) 
Portfolio -0.000172 -0.0145 0.0146 0.0835 5.2480 53.358 (0.0000) 
Fig. 1. Currency portofolio quantiles 
4. Empirical results 
For estimating the potential losses of the trading portofolio under the current existing market conditions, but 
also in the case of extreme events on the market regarding the fluctuations of the exchange rates, we will use 
GARCH models and EVT. 
The historical simulation method determines the maximum loss of the currency portfolio, taking into 
consideration the historical fluctuations of the risk factors. This methodology has one important disadvantage, 
namely it does not presents any hypothesis upon returns distribution. The VaR and ES calculation was 
performed for a confidence level of 95% respectively 99%. For a confidence level of 95% the highest VaR 
values were obtained in the case of AUD currency and the lowest one in the case of EUR currency. VaR does 
not take into consideration the extreme fluctuations of the currencies nor the tails distribution.  
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In order to correct this deficiency Artzner et al (1997, 1999) developed a measure entitled ES. ES measures 
the expected lost in the case the VaR level is exceeded. Under ES test the highest level is recorded by AUD, 
and the lowest by CZK. 
Table 3. VaR- historical, Gaussian, Cornish fisher 
 EUR USD GBP CHF AUD CAD HUF PLN CZK Portfolio 
Historical 
method 
          
VaR-95% -0.0049 -0.0094 -0.0083 -0.0066 -0.01131 -0.0094 -
0.0096 
-
0.0063 
-
0.0052 
-0.0054 
VaR-99% -0.0075 -0.0094 -0.0139 -0.0066 -0.01131 -0.00124 -
0.0096 
-
0.0114 
-
0.0052 
-0.0078 
ES-95% -0.007508 -0.0124 -0.0116 -0.0097 -0.01522 -0.0111 -
0.0132 
-
0.0114 
-
0.0052 
-0.0075 
ES-99% -0.007508 -0.0124 -0.0116 -0.0097 -0.01522 -0.0111 -
0.0132 
-
0.0114 
-
0.0052 
-0.0112 
Gaussian 
method 
          
VaR-95% -0.004911 -0.0094 -0.0092 -0.0064 -0.01159 -0.0092 -
0.0096 
-
0.0070 
-
0.0052 
-0.0055 
VaR-99% -0.004911 -0.0094 -0.0092 -0.0064 -0.01613 -0.0092 -
0.0096 
-
0.0099 
-
0.0052 
-0.0055 
ES-95% -0.0068 -0.0124 -0.0116 -0.0092 -0.01522 -0.0111 -
0.0132 
-
0.0088 
-
0.0052 
-0.0072 
ES-99% -0.0068 -0.0124 -0.0116 -0.0118 -0.01839 -0.0111 -
0.0132 
-
0.0088 
-
0.0052 
-0.0078 
Cornish 
Fisher 
method 
          
VaR-95% -0.0049 -0.0094 -0.0090 -0.0064 -0.01189 -0.0092 -
0.0096 
-
0.0072 
-
0.0052 
-0.0055 
VaR-99% -0.0049 -0.0094 -0.0090 -0.0124 -0.01189 -0.0092 -
0.0096 
-
0.0072 
-
0.0052 
-0.0097 
ES-95% -0.0068 -0.0124 -0.0116 -0.0079 -0.02028 -0.0111 -
0.0132 
-
0.0114 
-
0.0052 
-0.0078 
ES-99% -0.0068 -0.0124 -0.0116 -0.0079 -0.01522 -0.0111 -
0.0132 
-
0.0114 
-
0.0052 
-0.0078 
Furthermore, we used the variance and covariance method. This method implies a normal distribution of the 
returns and does not include the presence of fat tails in time series distribution, which may determine an 
underestimation of loses. By applying this method the highest level for losses is registered in the case of AUD 
and the lowest in the case of EUR. 
For improving the results obtained using the variance and covariance method we used the Cornish Fisher 
methodology. In the case that the distribution returns do not follow the normal low but their distribution have 
similar characteristics to the normal distribution the Cornish Fisher methodology may be applied. This method 
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assumes the uses of superior order moments of the distribution for adjusting the distribution deviation from the 
normal law. The highest values obtained using this method was in the case of AUD and the lowest for EUR. 
Moreover, we will use the EWMA model that implies that the returns have different shares, the recent data 
having the highest share. In this study we used an exponential factor of 0.94, level imposed be the RiskMetrics 
method. The highest value of the VaR is for AUD and the lowest for CZK. 
Table 4. VaR evolution using EWMA methodology   
 EUR USD GBP CHF AUD CAD HUF PLN CZK Portofolio 
VaR -0.0053 -0.0089 -0.0012 -0.0076 -0.025 -0.0047 -0.0022 -0.0086 -0.0010 -0.0015 
Furthermore we will use the GARCH models for estimating the VaR of the portfolio: GARCH, TARCH, 
EGARCH and GARCH with structural breaks. Taking into account the fact that the returns do not follow the 
normal distribution, in shaping GARCH models we used the GED distribution, which allows for fat tails. 
According to the results presented in the table below, the GED coefficient registers values below 2, which is 
equivalent to the fact that the returns series follow a leptokurtic distribution. 
Table 5. GARCH models 
 GARCH EGARCH TGARCH GARCH with structural breaks 
Mean     
c -0.000142 
(0.4770) 
-0.000229 
(0.2462) 
-0.000160 
(0.4233) 
-0.000206 
(0.2611) 
AR(1) -0.010719 
(0.8831) 
0.014472 
(0.8526) 
-0.004423 
(0.9539) 
0.038349 
(0.5121) 
Variance     
c 0.0000000743 
(0.1926) 
1.214207* 
(0.0909) 
0.000000728 
(0.2077) 
0.00000120** 
(0.0330) 
 0.156558** 
(0.0235) 
0.057142 
(0.3715) 
0.146217** 
(0.0439) 
0.078392* 
(0.0925) 
 0.785815*** 
(0.0000) 
0.917968*** 
(0.0000) 
0.775559*** 
(0.0000) 
0.713341*** 
(0.0000) 
  -0.348016 
(0.0047)** 
  
   0.047998 
(0.6041) 
 
Dummy 1 
(12.12.2012) 
   0.00000323*** 
(0.0018) 
Dummy 2 
(27.05.2013) 
   0.0000115* 
(0.0548) 
Dummy 3 
(27.06.2013) 
   -0.0000133** 
(0.0370) 
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GED Parameter 1.599 
(0.0000) 
1.681 
(0.0000) 
1.616 
(0.0000) 
2.000 
(0.0000) 
BIC -8.500943 -8.487486 -8.479852 -8.557147 
Q(10) 0.048 
(0.934) 
0.043 
(0.957) 
0.045 
(0.942) 
0.020 
(0.798) 
Q(20) 0.043 
(0.744) 
0.041 
(0.783) 
0.044 
(0.780) 
0.035 
(0.764) 
Jarque Bera 2.667101 
(0.263540) 
1.754916 
(0.415839) 
2.030633 
(0.362288) 
0.778621 
(0.677524) 
VaR – 99% -0.005168 -0.004410 -0.005063 -0.005896 
 
 
From the GARCH model estimaWLRQVRQHPD\REVHUYHWKHIDFWWKDWĮȕSDUDPHWHUVUHJLVWHUYDOXHORZHUWKDQ
one, which implies persistence across series volatility. Also, the results of the EGARCH model indicate that the 
asymmetry coefficient is negative, which means that the negative effect have a stronger impact than the 
positive one. This may also be translated by the fact that the negative effect determines an increase of the 
volatility and also an increase in the bank VaR and the market risk. The estimation of the TARCH model 
indicates that the asymmetry coefficient is positive, but not statistically significant.  
The presence of asymmetries across the volatilities evolutions may be caused by the presence of extreme 
values. Under extreme volatility on the market, there may be registers increased VaR values. In this case, the 
bank may diminish its currency position values that are responsible for highest losses. Under these 
circumstances the bank needs a supplementary capital for protection against unexpected evolution of the 
currency portfolio.  
For identifying the existence of break points within the volatility distribution we used the ICSS test. 
Moreover, the identified break points will be included as dummy variables within the variance equations. This 
test argues the fact that for a certain period, time series have a stationary variance until the moment of structural 
break due to the economic circumstances of the market, after which the variance becomes stationary until the 
presence of a new shock on the market. Furthermore we will use dummy variables of the breaking points, 
which will be included in the variance equation of the GARCH model. The dummy variable may take 0 values 
until the breaking point and 1 after this point. The estimation from the above table highlights the fact that by 
including dummy variables in the variance equation the volatility persistence is reduced. According to the BIC 
criteria, the most suitable model for estimating VaR is the GARCH model with structural breaks within the 
variance equation. 
Furthermore, in order to highlight the behavior of the tails, we will use the extreme value theory in 
quantifying VaR for the currency portfolio. Firstly, we used Block Maxima method. This method enables the 
spread of the sample in a number of blocks that contain an n number of equal information. From each block we 
extract the maximum value and estimate their distribution.  
Within this study we used one month blocks, with a total dimension of 21 observations. The maximum 
return from each block will be used for estimating the generalized extreme value distribution. Figure 2 presents 
the evolution of the maximum returns for the left and the right tail. 
The GEV distribution of left tail and right tail is presented in the figure below. 
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Fig. 2. Monthly maxima of the currency portfolio returns 
Note: Left plot – represents the maximum returns for left tail; Right plot-represents the maximum returns for 
right tail. 
Fig. 3. GEV distribution for return level 
Note: Left plot for left tail and right plot for right tail 
The parameters of GEV distribution and the values recorded by return level are listed in the table below. 
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Table 6. Return level estimations using GEV method 
n g Scale  
Location 
 
Shape 
parameter 
 
Return level and 
its 95% conf. 
interval 
The probability 
that the drop will 
excced the 
maximum 
Left tail       
21 12 
0.0019*** 
(0.0000) 
0.0044*** 
(0.0006) 
0.2468** 
(0.0407) 
0.02584 
[0.0098-0.0316] 
0.0328 
Right tail       
21 12 
0.0018*** 
(0.0000) 
0.0047*** 
(0.0000) 
0.3758** 
(0.0348) 
0.02845 
[0.0102-0.0415] 
0.0526 
The GEV estimation parameters are significant. In the left tail case, the return level registers a loss of 
0.02584 (2.584%), that is exceeded on average only once a year. The registered coefficient in the case of shape 
parameter is positive and statistically significant, which means that we have a Frechet distribution.   
Also we applied the Peak Over Threshold method, that implies choosing a threshold according to which the 
excess returns are established. Consequently we will establish their distribution and we will estimate VaR and 
ES.  
The sample mean excess is represented in the table below. Within our analysis we included three values for 
the threshold: 0.002, 0.0025 and 0.005 both for the left tail distribution as well as for the right tail. According to 
Gilli and Kellezi (2006), selecting the correct threshold should take into consideration that moment when its 
mean excess sample graphic becomes linear. 
Fig. 4. Sample mean excess for the left and right tail of the currency portfolio 
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As stated by the literature in the field, the returns distribution that exceeds the threshold should follow a 
generalized Pareto distribution. Within our study we used the maximum likelihood estimation method. In the 
figure below we may notice the GPD for the left and the right tail distribution of the exchange portfolio. 
Fig. 5. GPD distribution of the left and right tails 
Note: Left plot: GPD fitted to the 59 left tail surplus above the threshold established at the level of 0.0020; 
Right plot: GPD fitted to the 70 right tail surplus above the threshold established at the level of 0.0020. 
Fig. 6. GPD distribution of the left and right tails 
Note: Left plot: GPD fitted to the 47 left tail surplus above the threshold established at the level of 0.0025; 
Right plot: GPD fitted to the 61 right tail surplus above the threshold established at the level of 0.0025. 
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Fig. 7. GPD distribution of the left and right tails 
Below are listed the estimations obtained using maximum likelihood PHWKRG IRU ȟ VFDOH SDUDPHWHU9D5
and ES. 
Table 7. VaR and ES estimation using GPD method using a threshold of 0.0020 
 Surplus Prob. less 
threshold 
Scale parameter  Shape parameter  
Left tail     
Threshold – 
0.0020 
59 0.765873 0.002071*** 
(0.0000) 
0.0514** 
(0.0105) 
Confidence 
interval 
VaR ES   
0.90 -0.003801 -0.006081   
0.95 -0.005328 -0.007691   
0.99 -0.009089 -0.011658   
Right tail     
Threshold – 
0.0020 
70 0.722222 0.0022*** 
(0.0000) 
0.007192* 
(0.0843) 
 VaR ES   
0.90 0.004194 0.006318   
0.95 0.005673 0.007787   
0.99 0.009080 0.011169   
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From the table above we may conclude that the GPD distribution parameters are significant. For the left tail 
distribution, the registered values of VaR and ES are lower than for the right tail distribution, except the 
confidence level of 0.99. The Basel Committee recommends the use of a confidence level of 0.99. The results 
indicate with a 0.01 probability that tomorrow loss of a long position will exceed the  0.009089 (0.9089%) 
value and the expected loss value, that represents the average lost in the cases where loses are higher that 
0.9089% is 1,16158%. 
Table 8. VaR and ES estimation using GPD method using a threshold of 0.0025 
 Surplus 
Prob. less 
threshold 
Scale parameter  Shape parameter  
Left tail     
Threshold - 0.0025 47 0.813492 
0.001982*** 
(0.0000) 
0.08628** 
(0.0119) 
Confidence 
interval 
VaR ES  
 
0.90 0.003769 0.006059   
0.95 0.005264 0.007694   
0.99 0.009098 0.011891   
Right tail     
Threshold - 0.0025 61 0.7579365 
0.001688*** 
(0.0000) 
0.119835425** 
(0.01106) 
Confidence 
interval 
VaR ES 
  
0.90 0.004074 0.006206   
0.95 0.005431 0.007748   
0.99 0.009051 0.011860   
Similar to the results obtained for a 0,0020 threshold, the GPD distribution parameters are significant, and 
the VaR and ES register higher values for the right tail, except the confidence level of 0.99. 
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Table 9. VaR and ES estimation using GPD method using a threshold of 0.0025 
 Surplus 
Prob. less 
threshold 
Scale parameter  Shape parameter  
Left tail     
Threshold - 0.005 15 0.9405 
0.0022*** 
(0.0003) 
0.0488** 
(0.0237) 
Confidence 
interval 
VaR ES 
 
 
0.90 0.003859 0.006141   
0.95 0.005389 0.007749   
0.99 0.009148 0.01170   
 Right tail     
Threshold - 0.005 17 0.9325 
0.0016*** 
(0.0000) 
0.2193** 
(0.0229) 
Confidence 
interval 
VaR ES 
 
 
0.90 0.004412 0.006243   
0.95 0.005482 0.007614   
0.99 0.008694 0.011728   
The GPD distribution parameters are significant. For a confidence level of 0.99, the left tail in comparison 
with the right tail registers a higher VaR and a lower ES, denoting the importance of frequency and high returns 
magnitude. For a more complex image upon the currency risk it is necessary that management strategies should 
be orientated beyond quantifying a simple VaR. These situations require calculating VaR under crisis 
conditions, extreme events on the market and methods that quantifies the loss of the currency portfolio when 
the registered VaR value is exceeded. 
5. Conclusions 
For estimating potential losses of the trading portfolio we have used a wide range of methods including 
GARCH models and EVT. The main results of the VaR and ES test shows that the increased losses of the 
portfolio may be determined by the increased volatility of the market. Regarding the GARCH models, the most 
adequate model that can be used to estimate potential losses is GARCH with structural breaks in the variance. 
Moreover, the results highlighted that the higher capital requirements are necessary for the EVT – Peak Over 
Threshold method. The use of econometric models is essential in order to offer managers information regarding 
the manner in which the market shocks will influence the financial performance of the banks and if this shocks 
will appear the banks will need an adequate level of capital for covering these risks.  
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Due to the complexity that characterizes the market risk to which banks are exposed, the experts in the field 
recommend the use of VaR methodology along with other models like the Copula functions. The use of these 
types of methods is a primary objective of our future research. 
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